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FuzzyAbstract In the present paper, the numerical evaluation of Markov model transient behavior is
considered. It is focused on ﬁnding the transient-state probabilities of well-known four Tennessee
Valley Authority (TVA) models. Three computational approaches are examined to ﬁnd the three
transient probabilities after modeling. These approaches are the Laplace Transforms, curve ﬁtting
and Neuro-Fuzzy. The MATLAB Simulink 7.10 package is used to obtain the transient state-
probabilities for the four TVA models and at the same interval of time these solutions are repro-
duced by Laplace Transforms. For each model the three-state probabilities of the TVA models
are derived. Each model is considered as a 3-state model, where its equations are obtained using
the curve ﬁtting and Neuro-Fuzzy techniques. All techniques used and applied in the present study
are used to formulate and obtain the TVA models, where the Laplace Transforms is re-derived and
re-used for a double check to model and obtain the results.
ª 2014 Production and hosting by Elsevier B.V. on behalf of University of Bahrain.1. Introduction
The Tennessee Valley Authority (TVA, 2013) is a corporation
owned by the United States Government. The TVA provides
electricity for 9 million people in parts of seven southeastern
states. The TVA receives no taxpayer money and makes no
proﬁts. It should be highlighted that TVA renewed its vision
to help lead the Tennessee Valley region and the nation toward
a cleaner and more secure energy future. At the moment, TVA
is considered as new green power providers program contribu-
tors to TVA’s expanding renewable energy.
Biggerstaff et al. (1969) presented a method showing the
Markov process to determine the state probabilities of generat-
ing units as functions of time. In Biggerstaff et al. (1969) study,the considered four three-state TVA models were restricted to
three states; where the ﬁrst is operating at full capability, the
other is operating at less than the full capability due to compo-
nent outages (known as derated state) and the last is then
forced out. The state probability functions are calculated using
the Laplace Transforms. The initial probabilities are consid-
ered for the operation at full capability to be unity and the
other two states are zeros. Chen et al. (2013) used the Genetic
Algorithm (GA) to estimate the battery model parameters
including the diffusion capacitance in real time using measure-
ment of current and voltage of the battery. The conclusion was
made from the simulation and experiment results for their
research. Kim et al. (2013) carried out the study of the dynamic
characteristics of a solar cell that can rarely be found. In the
study, an AC impedance model of a solar cell module was
developed using impedance Spectroscopy and it is then used
for evaluating the effects of the ripple current generated by a
single-phase inverter. In Qamber and Fakhro (1994) the
Laplace Transforms re-derived again, because it is found that
Figure 1 Three-state TVA diagram model.
Table 1 Transition rates of the four TVA models.
TVA model Transition rates (per hour)
a b c d e f
1 0.0003 0.0010 0.0225 0.0350 0.0008 0.0004
2 0.0006 0.0050 0.0400 0.1000 0.0004 0.0004
3 0.0005 0.0002 0.0240 0.0430 0.0001 0.0001
4 0.0010 0.0006 0.0200 0.1000 0.0002 0.0020
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Qamber and Fakhro (1994) derived the three state general for-
mulas for both steady state and transient probabilities. The
formulas derived in Qamber and Fakhro (1994) can be applied
to any Markov model and is independent of matrix manipula-
tions. Yan and Chowdhury (2013) presented a hybrid midterm
electricity market clearing price forecasting model combining
both squares support vector machine and auto-regressive mov-
ing average with external input modules. The proposed model
in the study showed improved forecasting accuracy compared
to a forecasting model using a single least squares support vec-
tor machine. In the proposed Fuzzy Back-Propagation Neural
Network (FBPNN) by Tripathy et al. (2008) which is used as a
core classiﬁer to discriminate between magnetizing inrush and
internal fault of a power transformer, a three-layered structure
is used. An optimal number of neurons in the hidden layer as
well as in the output layer were used by developing an algo-
rithm. The developed technique is simple in architecture, fast
in operation, and quite reliable. The proposed study by
Qamber and Al-Gallaf (2001) presents a class of week series
forecasting manner. The class is based on the Fuzzy Inference
Clustering (FIC) method along with Artiﬁcial Neural Network
(ANN) which was employed in the extent of long-term electric
load forecasting. The employed fuzzy clustering algorithm is
useful also for linguistic modeling of an electric power demand
used for higher hierarchy decision system. The study was car-
ried out on normal and abnormal days.
Maurya (2014) demonstrates mathematical modeling and
evaluation of performance measures of k-out-of-n repairable
system wherein the most inﬂuencing constraints of human
error and common-cause failure have been taken into consid-
eration. Laplace Transforms of various state probabilities are
found.Figure 2 (a) TVA1 results, P-up, (b) TVA 1 reLydia et al. (2014) present the wind turbine curve showing
the relationship between the wind turbine power and hub
height wind speed. Accurate models of power curve serve as
an important tool in wind power forecasting. Wind Turbine
Power Curve (WTPC) has been modeled using polynomial
expressions of varied orders in different literatures.sults, P-down, (c) TVA 1 results, P-dereated.
Figure 3 (a) TVA 2 results, P-up, (b) TVA 2 results, P-down (c) TVA 2 results, P-dereated.
TVA generating unit modeling 75Bisht and Jangid (2011) used Adaptive Neuro-Fuzzy
Inference System (ANFIS) and Linear Regression (MLR)
methods. The objective of the paper is to investigate the best
model to forecast river discharge. The developed models in
the study were trained, tested and validated on the data of
the river using Neuro-Fuzzy modeling. It is well known thatFigure 4 (a) TVA 3 results, P-up, (b) TVA 3 rethe Neuro-Fuzzy is a marriage between neural networks and
fuzzy logic techniques. MATLAB was used for modeling
ANFIS to solve real-world forecasting, classiﬁcation and
function approximation problems. In the study, the results
obtained are compared to Multiple Linear Regression
models.sults, P-down (c) TVA 3 results, P-dereated.
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In the present article, the curve-ﬁtting and Neuro-Fuzzy tech-
niques are applied to get the models for four 3-state models of
TVA. To get the four models of each TVA system, the curve-
ﬁtting technique is applied at the beginning. Before that, the
TVA models have to be deﬁned. Each model of TVA has
three-states. These three-state models for the TVA models
are considered as follows:Figure 5 (a) TVA 4 results, P-up, (b) TVA 4 re
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Figure 6 A Neural FuzS1: System operates at full capacity and deﬁned as Up-State
S2: System fails, where no power at all is generated and
known as Down-State
S3: System operates at less than full capacity due to gener-
ator outages and known as De-rated State.
Each model of the 3-state TVA models can be represented
by Fig. 1.
As a Markov model, Fig. 1 can be represented in the fol-
lowing Matrix form:sults, P-down (c) TVA 4 results, P-dereated.
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where the symbols a, b, c, d, e and f are the transition rates of
each TVA four models. These transition rates for the four
TVA models are extracted from Biggerstaff et al. (1969) and
given in Table 1.
The general formulas of state-probabilities for each 3-State
TVA model can be formed as a differential equation which isFigure 7 The Neuro-Fuzzy infere
Figure 8 (a) TVA 1 results, P264-Up, (b) TVA 1 resthe rate of change of each state-probability with the rate of
change of time. The general equations are:
dP1ðtÞ=dt ¼ ðaþ bÞP1ðtÞ þ cP2ðtÞ þ dP3ðtÞ ð1Þ
dP2ðtÞ=dt ¼ aP1ðtÞ þ ðcþ eÞP2ðtÞ þ fP3ðtÞ ð2Þ
dP3ðtÞ=dt ¼ bP1ðtÞ þ eP2ðtÞ þ ðdþ fÞP3ðtÞ ð3Þ
The above three equations are solved to calculate the transient
solution which helps to ﬁnd the transient three state probabil-
ities. There are a number of methods to obtain the solution.nce system for the TVA model.
ults, P264-Down, (c) TVA 1 results, P264-derated.
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As mentioned earlier, there are a number of methods used to
calculate the transient probabilities. One of which is the
Laplace Transforms method which obtains the transient state
probabilities of the 3-State TVA models given in Qamber
and Fakhro (1994). The initial probabilities for each model
are P1 (0) = 1, P2 (0) = 0 and P3 (0) = 0. The results are
obtained from the four TVA models.
The curve ﬁtting modulation in the MATLAB package is
used to obtain models of the four 3-state TVA models after
reproducing the results using the (L.T.). The produced results
in Tables (2–5) are used to obtain the following equations
using the curve ﬁtting technique:
(i) TVA1:
P1ðtÞ ¼ 2:174e12 t5 þ 9:7911010 t4  1:878e7 t3
þ 2:017e5 t2  0:001284tþ 1 ð4Þ
P2ðtÞ ¼ 1:641013 t5  9:2691011 t4 þ 2:318e8 t3
 3:382106 t2 þ 0:0002988t 5:001107 ð5Þ
P3ðtÞ ¼ ð1:9779e12Þ t5  ð8:788e10Þ t4 þ 1:64e7 t3
 1:678105 t2 þ 0:0009856tþ 1:551105 ð6ÞFigure 9 (a) TVA 2 results P267-Up, (b) TVA 2 res(ii) TVA2:
P1ðtÞ ¼ 3:323e10 t5 þ 6:705108 t4  5:446106 t3
þ 0:0002302t2  0:005381tþ 0:9999 ð7Þ
P2ðtÞ ¼ 5:134e12 t5  1:347e9 t4 þ 1:646e7 t3
 1:244e5 t2 þ 0:000598tþ 2:012e6 ð8Þ
P3ðtÞ ¼ 3:2791010 t5  6:582e8 t4 þ 5:288e6 t3
 0:0002179t2 þ 0:004784tþ 0:0001414 ð9Þ
(iii) TVA3:
P1ðtÞ ¼ 8:9161013 t5 þ 4:1681010 t4  8:413e8 t3
þ 9:747106 t2  0:0006915tþ 1 ð10Þ
P2ðtÞ ¼ 3:796e13 t5  1:922e10 t4 þ 4:4e8 t3
 5:98e6 t2 þ 0:0004975t 2:558e7 ð11Þ
P3ðtÞ ¼ 5:547e13 t5  2:361010 t4 þ 4:12e8 t3
 3:808e6 t2 þ 0:0001946tþ 5:983e6 ð12Þults, P267-down (c) TVA 2 results P267-derated.
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P1ðtÞ ¼ 1:932e12 t5 þ 9:656e10 t4  1:935107 t3
þ 2:088e5 t2  0:001396tþ 0:9996 ð13Þ
P2ðtÞ ¼ 3:225e13 t5  2:118e10 t4 þ 6:099e8 t3
 1:009105 t2 þ 0:0009961tþ 7:443e6 ð14Þ
P3ðtÞ ¼ 1:6081012 t5  7:529e10 t4 þ 1:324e7 t3
 1:078105 t2 þ 0:0003998tþ 0:0003752 ð15Þ
Based on the above models for the four 3-State TVA models
using the MATLAB, the results are calculated and plotted
with the existing data (results calculated using both the
Laplace Transforms and Curve Fitting techniques) for TVA
models. The plotted results are shown in Figs. 2–5 which rep-
resent the four 3-state TVA models.
It should be highlighted that all equations have been
obtained using the polynomial, where in references
Biggerstaff et al. (1969) and Qamber and Fakhro (1994) the
results are obtained using the (L.T.) and reproduced again
using the (L.T.) in this research. Based on the results obtained
and plotted in Figs. 2–5, it is clear that the L.T. results and
curve ﬁtting results are almost identical, except those in
Fig. 5c which are almost close to each other.Figure 10 (a) TVA 3 results P270-Up, (b) TVA 3 re4. Neuro-Fuzzy modeling
Neural networks are used to tune membership functions of
fuzzy systems that are employed as decision-making systems
for controlling equipment. The Neuro-Fuzzy system is a sys-
tem that has a combination of advantages of the neural net-
works and fuzzy logic. It was noted that neural networks
have two main beneﬁts, where in reference Carpenter et al.
(1993). First, they are capable of learning non-linear mappings
of numerical data. Second, they perform parallel computation.
However, the operation of neural networks has also many
weaknesses. Therefore, it is very hard to understand the mean-
ing of weights, and the incorporation of prior knowledge into
the system is usually impossible.
In addition, Neuro-Fuzzy systems allow incorporation of
both numerical and linguistic data into the system. The
Neuro-Fuzzy system is also capable of extracting fuzzy knowl-
edge from numerical data.
The general model for the Neuro-Fuzzy system is shown in
Fig. 6 which illustrates the ﬁve layer connection for two inputs
and one output. These ﬁve layers represent the Neuro-Fuzzy
model which will be used to represent the TVA model used
above.
The proposed model using the Neuro-Fuzzy is a three
inputs and three outputs model which is shown in Fig. 7.
The number of member states used for this model is either
6-member states to represent the Higher and Lower limits ofsults P270-down, (c) TVA 3 results P270-derated.
Figure 11 (a) TVA 4 results P273-Up, (b) TVA 4 Results P273-down, (c) TVA 4 results P273-derated.
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the Higher, Average and Lower limit of each state of the
TVA model. The plotted results are illustrated in Figs. 8–11
which represent the four 3-state TVA models using the
Neuro-Fuzzy method.
5. Discussion
In the present paper, three technical novelty techniques are
proposed. They have increased performance in terms of execu-
tion time. These techniques are Laplace Transforms, curve-
ﬁtting and Neuro-Fuzzy.
The main objective of the present study is to re-model the
transient state probabilities of the four TVA models and to ﬁnd
aswell the bestmodels for theTVAeven though,many research-
ers worked on the modeling using the curve ﬁtting and other
methods. TVA data are very useful in the modeling of a three-
state model system. In the present work, the Neuro-Fuzzy is
studied and used. It is found that it is the most useful and best
in the present study to model and calculate the transient proba-
bilities. The performances of the TVA models are clear.
To calculate the transient probabilities throughout the
operation period, probability of each TVA model trained in
any instance of time to develop IF–THEN fuzzy rules which
help in determining the membership functions input and out-
put variables of the TVA model.From the obtained results using the Neuro-Fuzzy
(Figs. 8–11) when compared with the results obtained
applying the models of the curve-ﬁtting (Figs. 2–5), it is
clear that they are almost identical except Fig. 11c which
is more accurate when compared with Fig. 5c. The output
of using the Neuro-Fuzzy (Fig. 11c) is more accurate and
smooth.
In the present study, it is clear that the combination of
fuzzy logic and neural network (becoming Neuro-fuzzy) con-
stitutes a powerful means for designing intelligent systems
and accurate results obtained.
In the present study both the curve ﬁtting and Neuro-
Fuzzy techniques were adopted and applied to the four
TVA models to calculate the transient state probabilities of
the models. The performance of both techniques was also
evaluated to obtain the available and accurate technique for
the four models.
The obtained results of the study have been found much
closer to the Laplace Transforms results, especially the results
obtained using Neuro-Fuzzy. The study shows successful
development of reliable relationship between the transient
probabilities and the time.
The results obtained by both curve ﬁtting and Neuro-Fuzzy
are compared. The comparison reveals that the Neuro-Fuzzy
gives better accuracy – as stated before – in prediction of the
transient state probabilities.
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Three techniques were applied in this paper to model the
three-state probabilities of the four TVA models. These
techniques are the Laplace Transforms, curve ﬁtting and
the Neuro-Fuzzy techniques. The average percentage errors
calculated from the results of these two models were found
to be 0.04% and 0.005% of the curve-ﬁtting model and the
Neuro-Fuzzy model, respectively. Through the obtained
results, it is found that the results from both techniques used
are very similar to the results obtained by the Laplace
Transforms. It can be concluded that the three techniques
are helpful not only for the TVA models, but also for
similar/identical systems. The results are satisﬁed for the four
3-state TVA models.
The Neuro-Fuzzy model has more accurate results than the
curve-ﬁtting model. It is an average error percentage less by
ten times than the curve-ﬁtting model.References
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